The similarity search in theoretical mass spectra generated from protein sequence databases is a widely accepted approach for identification of peptides from query mass spectra produced by shotgun proteomics. Growing protein sequence databases and noisy query spectra demand database indexing techniques and better similarity measures for the comparison of theoretical spectra against query spectra. We employ a modification of previously proposed parameterized Hausdorff distance for comparisons of mass spectra. The new distance outperforms the original distance, the angle distance and state-of-the-art peptide identification tools OMSSA and X!Tandem in the number of identified peptides even though the q-value is only 0.001. When a precursor mass filter is used as a database indexing technique, our method outperforms OMSSA in the speed of search. When variable modifications are not searched, the search time is similar to X!Tandem. We show that the precursor mass filter is an efficient database indexing technique for high-accuracy data even though many variable modifications are being searched. We demonstrate that the number of identified peptides is bigger when variable modifications are searched separately by more search runs of a peptide identification engine. Otherwise, the false discovery rates are affected by mixing unmodified and modified spectra together resulting in a lower number of identified peptides. Our method is implemented in the freely available application SimTandem which can be used in the framework TOPP based on OpenMS.
Introduction
High performance liquid chromatography combined with tandem mass spectrometry (HPLC-MS/MS or shotgun proteomics) is a widely used technique for identification and quantification of proteins and peptides in complex mixtures. Mixtures obtained by a cell lysis contain thousands of proteins and a mass spectrometer produces tens of thousands of peptide mass spectra (or query spectra) which must be annotated with peptide sequences [1] .
Before a mass analysis, proteins in a sample are usually enzymatically digested to peptides. After chromatographic separation, peptides are commonly subjected to an electro spray ionization GPU processing [24] , hardware acceleration [25] or by a combination of algorithmic and software engineering techniques [26] [27] .
Since the search space of putative peptides can be greatly reduced by incorporating the precursor mass (i.e., the mass of a peptide ion before fragmentation), we utilize a simple database indexing technique known as the precursor mass filter. When the precursor mass filter is utilized, a query spectrum is not compared against all theoretical spectra generated from a database of protein sequences but only with a small subset of spectra in a precursor mass error tolerance λ. Because high-accuracy machines become easily available, the precursor mass filter is experiencing a renaissance as a database indexing technique for high-accuracy data [28] [29] .
Even though different tools use different similarity functions, their performance can be compared by statistical evaluation of results [30] . A widely accepted technique is to apply a targetdecoy approach. Protein sequences in a database are reversed and appended to the original database. Original sequences are marked as target sequences while reversed sequences are marked as decoy sequences. The false discovery rate can be then estimated as F DR = #decoy P SM s #target P SM s . Since FDR is a property of a set of PSMs, the q-value is defined as minimum FDR threshold at which a given PSM is accepted as correct [31] [30] .
Methods
We propose an approach for identification of peptides based on the similarity search of query spectra in a database of theoretical spectra. We describe the mass spectra distance functions, the method how we speed-up the database search using the precursor mass filter and the method how we deal with variable modifications in mass spectra. The approach is implemented in the freely available peptide identification engine SimTandem [32] which can be easily used for a batch analysis in TOPP (The OpenMS Proteomics Pipeline) [33] [34] . OpenMS is an open-source C++ library for LC-MS/MS data management and analyses. It enables a statistical evaluation of results from different peptide identification engines, thus the engines can be easily compared.
Distance Functions
When the similarity search in a database of theoretical spectra is employed for identification of peptides, a pair-wise similarity (or distance 1 ) function is a crucial component of each search engine. The angle distance, the parameterized Hausdorff distance and a modification of the parameterized Hausdorff distance are defined below.
Angle Distance
The angle distance d A (normalized dot product, cosine similarity) is a commonly utilized function for mass spectra comparison (Eq. 3) [3] . A representation of mass spectra as highdimensional boolean vectors is usually used for this purpose. The range of m z values in a 1 Smaller distance means bigger similarity and vice versa. spectrum is split into subintervals. A width of a subinterval is determined by m z error tolerance ξ (e.g., ξ = 0.5 Da). When a peak falls into a subinterval, a boolean vector contains 1 at the position corresponding to the subinterval, otherwise it contains 0 (Fig. 1 ). 
Parameterized Hausdorff Distance
The parameterized Hausdorff distance d HP (Eq. 6) has been originally developed as a mass spectra distance function suitable for utilization by non-metric access methods [14] [15] .
Modification of Parameterized Hausdorff Distance
We 
Precursor Mass Filter
Peptide precursor masses are known for both -theoretical and query spectra. Thus a query spectrum does not have to be compared with all theoretical spectra D generated from a database of protein sequences but only with a small subset D λ ⊂ D within a precursor mass error tolerance λ. For efficient determination of D λ , D is sorted by precursor masses and D λ is found by a binary search of the precursor mass of a query spectrum. Afterwards, theoretical spectra in D λ are compared with the query spectrum using a distance function and the theoretical spectrum having the smallest distance to the query spectrum is selected to form a PSM.
Dealing with Modifications
Below, we briefly describe how we deal with variable modifications. Let m be the number of searched variable modifications and let η be the maximum number of modifications which may occur simultaneously in a peptide. A set T of all possible combinations of variable modifications is generated where each combination t ∈ T contains up to η modifications selected from m input modifications. Because each modification can occur more than once in a peptide, the number of combinations of modifications is the sum of k-combinations with repetitions
. The one is added to represent an unmodified peptide.
Lets assume an example where m = 3 and η = 2. We have three modifications α, β and γ corresponding to, e.g., oxidation of methionine, dioxidation of tryptophan and deamidation of asparagine. Then τ = 10 combinations of modifications are generated in T = {∅, {α}, {β}, {γ}, {α, α}, {α, β}, {α, γ}, {β, β}, {β, γ}, {γ, γ}}. For each combination of modifications t ∈ T , the precursor mass of a query spectrum q is shifted and corresponding theoretical spectra D t λ in the precursor mass error tolerance λ are selected from D. Before a theoretical spectrum from D t λ is compared with q, we check whether a peptide corresponding to the theoretical spectrum can contain the desired modifications. In our example, when t = {α, β}, the peptide must contain at least one methionine and one tryptophan. When the peptide contains the desired amino acids, the theoretical spectrum is generated while masses of amino acids impacted by the modifications are shifted (i.e., the mass of methionine is shifted by α and the mass of tryptophan by β). Otherwise, the theoretical spectrum is not compared with q. When the peptide contains more than one methionine or tryptophan, all possible theoretical spectra are generated and compared with q. Finally, the theoretical spectrum having the smallest distance to q is selected from all spectra compared with q to form a PSM.
Results
We used HPLC-MS/MS spectra from E. coli and human. Separation of the E. coli digest was performed using an easyLC HPLC system (Proxean) with a 2h segmented gradient. Peptides eluting from the column were online injected into an LTQ-Orbitrap XL instrument (Thermo Fisher Scientific), with top 10 selection of the most abundant ions for further fragmentation. A dynamic exclusion list of 500 masses and exclusion time of 90 seconds was used to avoid repeated fragmentation of the same ions. The query set E.coli contained 30,358 tandem mass spectra. Human spectra were taken from 2 runs from a label-free human data set [35] -the query set Hum48 contained 26,417 spectra and Hum49 contained 24,537 spectra. The data sets are available on-line at [32] .
The manually curated database containing 8,272 protein (332,862 peptide) sequences was used with E.coli. The database of 177,640 human protein (9,308,438 peptide) sequences from UniProtKB/Swiss-Prot (v. 06/2013) [36] was used with human query sets. Reversed decoy protein sequences were included in both databases. Theoretical spectra were generated with following settings -enzyme: trypsin ([KR]/P); max. missed cleavage sites: 1; length of peptide sequences: 7-50 amino acids; precursor mass of peptides: 500-5,000 Da; fragment ions types: y, b, y 2+ ; m z ratios of fragment ions: 200-2,000 Da; fixed modifications: carbamidomethylation of cysteine. Query spectra were processed as follows -minimum number of peaks in a spec- ). We used SimTandem v. 1.1.65 and a machine with Windows 7 x64, Intel Core i7 2GHz, 8 GB RAM and 5400 rpm HDD.
State-of-the-Art Tools
Numbers of identified peptides for different q-values and search times were measured for freely available tools OMSSA (v. 2.1.9 Win 32) and X!Tandem (v. 2013.02.01.1). The refinement mode in X!Tandem was not used. Since X!Tandem returned some PSMs having variable modifications which were not searched, these identifications were excluded from the results. The comparison was made using OpenMS/TOPP (v. 1.10). Simple pipelines in TOPPAS were created for this purpose, e.g., OMSSAAdapter → PeptideIndexer → FalseDiscoveryRate → IDFilter, where OMSSAAdapter calls the OMSSA search engine, PeptideIndexer annotates for each search result whether it is a target or a decoy hit, FalseDiscoveryRate tool computes q-values and IDFilter selects only those PSMs with q-values less or equal a specified tolerance. The pipelines were processed without and with the support of variable modifications. When the support of variable modifications was enabled, the following five modifications were searched when q-value = 0.001. For q-value = 0.01, OMSSA identified more peptides than X!Tandem in four cases. However, X!Tandem identified more peptides in human query sets when variable modifications were searched. When q-value = 0.05, X!Tandem identified more peptides than OMSSA in all query sets except the E. coli query set when modifications were searched. X!Tandem was 1.9× faster than OMSSA on the E. coli query set when modifications were not searched and 2.3× faster when modifications were searched. On human query sets, X!Tandem was 5.9×-7.5× faster than OMSSA when modifications were not searched and 5.1×-5.6× faster when modifications were searched. ) for q-value = 0.01 are summarized by Venn diagrams in Fig. 2 . We can observe that significant numbers of peptides were identified by all three engines (from 6,252 to 9,500 peptides). The numbers of peptides identified only by SimTandem are bigger than the numbers of peptides identified only by OMSSA in all cases and the numbers of peptides identified only by X!Tandem in five cases (except Hum48 when m = 0). The numbers of peptides identified only by X!Tandem are bigger than the numbers of peptides identified only by OMSSA in all cases. The numbers of peptides identified only by SimTandem and OMSSA are bigger than the numbers of peptides identified only by X!Tandem and OMSSA in all cases and bigger than the numbers of peptides identified only by SimTandem and X!Tandem in five cases (except Hum49 when m = 5). The numbers of peptides identified only by SimTandem and X!Tandem are bigger than the numbers of peptides identified only by OMSSA and X!Tandem.
SimTandem

SimTandem (d match HP
) was 4.3× faster than OMSSA on E. coli query set when modifications were not searched and 3× faster when modifications were searched. On human query sets, it was 8× faster than OMSSA when modifications were not searched and 2.2× faster when modifications were searched. SimTandem was 2.2× faster than X!Tandem on E. coli query set when modifications were not searched and 1.3× faster when modifications were searched. It was also 1.1×-1.4× faster than X!Tandem when modifications were not searched in human query sets. When modifications were searched in human query sets, X!Tandem was 2.3×-2.6× faster than SimTandem. We also tested the impact of the index n of the root in d HP and d
Index of the Root
match HP
on the number of identified peptides. Variable modifications were not searched. The results are shown in Tab. 2. We can observe that the number of identified peptides is bigger with bigger n. However, when n is too big, the number of identified peptides is smaller. For both q-value = 0.001 and q-value = 0.01, the most peptides were identified in four cases when n = 100, in one case when n = 30 and in one case when n = ∞. In practice, the optimal n depends on the query set and should be determined empirically. Commonly, we use an empirical value n = 30.
Precursor Mass Filter
Since the number of comparisons of a query spectrum with theoretical spectra is crucial for the efficiency of precursor mass filter, average numbers of comparisons were measured in protein sequence databases Swiss-Prot (v. 06/2013) (human sequences only and all sequences) [36] , MSDB (v. 08-Sep-2006) [37] and NCBI RefSeq (v. 55) [38] . The query set Hum48 was used. Variable and fixed modifications were not searched. Results are shown in Tab. 3. For example, 399 theoretical spectra were compared with a query spectrum when human sequences from Swiss-Prot were used and when λ = 10 ppm. When the NCBI database was used, the number of comparisons was 60,638 for the same λ. For λ = 2 Da, the number of comparisons was significantly bigger. For example, 15,183 theoretical spectra were compared with a query Table 3 : Average numbers of comparisons of a query spectrum with theoretical spectra for different protein sequence databases and different precursor mass error tolerances λ. Numbers of protein and peptide sequences in tested protein sequence databases are also proposed (the numbers include also numbers of decoy sequences in the databases). spectrum when human sequences from Swiss-Prot were used and 2,451,235 comparisons were made when the NCBI database was used. Since the organism is usually known for a query set of spectra (e.g., E. coli or human) and the precision of modern instruments increases, the number of spectra compared with a query spectrum is small and thus the precursor filter is an efficient indexing technique for high-accuracy data. Table 4 : Numbers of identified peptides, search times and total numbers of comparisons of Hum48 with spectra generated from human protein sequences from Swiss-Prot for increasing number of searched variable modifications m ∈ ⟨1, 5⟩ and for increasing maximum number of variable modifications in a peptide η ∈ ⟨1, 5⟩. We also tested the effectiveness and efficiency of SimTandem (d
Precursor Mass Filter and Variable Modifications
match HP
) for increasing number of searched variable modifications m and for increasing maximum number of variable modifications in a peptide η. The results are presented in Tab. 4. We used the query set Hum48 and the database of human protein sequences from Swiss-Prot. When variable modifications were not searched, the search time was 3:34 [min:sec] and the total number of comparisons of all spectra from Hum48 against theoretical spectra was 10.58 millions of comparisons.
The search time quickly increases with bigger m and η. The reason is that theoretical spectra are generated for each combination of variable modifications. However, the total number of comparisons increases slowly because many theoretical spectra do not have to be compared with query spectra. Even though peptides corresponding to theoretical spectra have their precursor masses within λ, they do not contain amino acids affected by the searched variable modifications and thus they are not compared with query spectra (Sec. 2.3) . However, the testing, whether peptides contain desired amino acids or not, causes overhead costs which increase the search time. We can reduce the search time by using η ≤ 2 or η ≤ 3, because the number of identified peptides does not increase significantly for bigger η.
For q-value = 0.001 and m ∈ ⟨2, 5⟩, the number of identified peptides is smaller for η = 2 than for η = 1. The same effect can be observed in all cases for q-value = 0.01 and q-value = 0.05 when η = 2 is changed to η = 3. The reason is that the spectra with variable modifications impact the distribution of target and decoy PSMs and thus they negatively impact false discovery rates and q-values [39] [40]. Since many searched variable modifications may impact the q-values, we have compared the numbers of PSMs having variable modifications in two cases. First, we searched m = 5 modifications together in a search run of the peptide identification engine. Second, we run the engine for each modification separately (i.e., we performed five searches when m = 1). We used d match HP and η = 1. The results are summarized in Tab. 5. The total number of identified PSMs from independent search runs is bigger than the number of PSMs identified in the search run where all the modifications are searched together. Even though the searching for each modification separately is time-consuming (2.6×-3.7× slower) because the search engine must be used many times, the approach might be interesting for practical usage because of bigger number of identified peptide sequences. The advantage of this approach has been also emphasized in [39] .
FDRs of Spectra with Variable Modifications
Conclusion
We have proposed a method for identification of peptides from tandem mass spectra based on the similarity search in databases of theoretical spectra generated from databases of known protein sequences. Our method employs a modification of parameterized Hausdorff distance which outperforms the original distance and the angle distance in the number of identified peptides. Moreover, it outperforms state-of-the-art peptide identification tools OMSSA and X!Tandem. When the precursor mass filter is utilized as a database indexing technique, our method is faster than OMSSA. When variable modifications are not being searched, its search time is similar to the search time of X!Tandem. We have studied the efficiency of precursor mass filter considering different protein sequence databases and different precursor mass error tolerances. Since the accuracy of modern instruments increases in recent years, the precursor mass filter is an efficient database indexing technique for high-accuracy data.
We analyzed the numbers of identified peptides and search times when variable modifications were searched. Generally, when the maximum number of variable modifications in a peptide is set up to 2 or 3, we can reduce the search time even though many variable modifications are being searched. However, the number of identified peptides is smaller with bigger number of searched variable modifications because the computation of false discovery rates is affected by mixing of modified and unmodified spectra together. Thus it seems to be advantageous to run the peptide identification engine for each variable modification or a small set of variable modifications separately. Our method is implemented in the freely available peptide identification engine SimTandem which can be used for a batch analysis in TOPP based on OpenMS. Moreover, our results can be easily reproduced by TOPP.
